Objective To evaluate non-response rates to follow-up online surveys using a prospective cohort of parents raising at least one child with an autism spectrum disorder. A secondary objective was to investigate predictors of non-response over time. Materials and Methods Data were collected from a US-based online research database, the Interactive Autism Network (IAN). A total of 19 497 youths, aged 1.9e19 years (mean 9 years, SD 3.94), were included in the present study. Response to three follow-up surveys, solicited from parents after baseline enrollment, served as the outcome measures. Multivariate binary logistic regression models were then used to examine predictors of non-response. Results 31 216 survey instances were examined, of which 8772 or 28.1% were partly or completely responded to. Results from the multivariate model found non-response of baseline surveys (OR 28.0), years since enrollment in the online protocol (OR 2.06), and numerous sociodemographic characteristics were associated with non-response to follow-up surveys (all p<0.05). Discussion Consistent with the current literature, response rates to online surveys were somewhat low. While many demographic characteristics were associated with non-response, time since registration and participation at baseline played the greatest role in predicting follow-up survey non-response. Conclusion An important hazard to the generalizability of findings from research is non-response bias; however, little is known about this problem in longitudinal internetmediated research (IMR). This study sheds new light on important predictors of longitudinal response rates that should be considered before launching a prospective IMR study.
As familiarity with and use of the internet increases, even across the digital divide, 1 2 health researchers have found the online environment to be a viable mechanism for data collection within the context of research. 3 4 Online research, sometimes referred to as internet-mediated research (IMR), is particularly attractive because of its low cost and superior sample representativeness when compared with traditional university or centerbased research. 5e7 As with any research design, IMR is not without its limitations and biases. Despite the well-known and well-documented concerns surrounding IMR, 8e10 there is a paucity of research that addresses threats to validity facing survey-based IMR when compared with traditional, non-IMR research methodologies.
One of the key challenges confronting IMR is non-response bias or error. Couper 11 defines nonresponse error as 'a function both of the rate of non-response (the proportion not responding over the total eligible for the survey) and the differences between those who respond and those who do not on the variable of interest' (p. 87). Several studies have shown non-response rates to be high in survey-based IMR, 12e14 although there is great variability in these rates due to differences in sampling methodology. For instance, response rates from 6% 15 to 75% 16 have been reported for emailbased surveys, while rates as low as 0.26% have been identified for surveys solicited of website visitors. 17 In a meta-analysis of web-response rates, Cook et al 18 found a mean response rate of approximately 40%. When comparing traditional versus IMR response rates, a meta-analysis by Manfreda and colleagues 19 showed that the response rates in web-based surveys were 11% lower than other survey modalities. However, Greenlaw and Brown-Welty, 20 using an experimental design, showed that surveys administered by mixed modes (both web-based and conventional mail-based) to be the most effective, with a response rate of 42% for paper-based surveys, 52% for web-based surveys, and 60% for mixed-mode surveys. As a sample becomes more biased (and less generalizable) as the non-response rate increases, this bias should be addressed when disseminating findings from IMR.
Several cross-sectional studies have examined factors associated with survey response. For surveybased IMR, participant factors associated with response rates include age, socioeconomic status, rurality or urbanicity, health status or disease severity, ethnicity/race, gender, and self-efficacy. Study-related factors are also important. These include site aesthetics, confidentiality, appearance of legitimacy of research and institution, personalized contacts, multiple contacts, and precontact (ie, when researchers contact potential subjects before the survey is administered). 18 21 25e27 For conventional mail, salience of the survey's content, whether the survey was sent by recorded delivery versus standard delivery, and incentives have shown importance. 28 Although this body of research is growing, little is known about response rates over time or its predictors in longitudinal IMR. To our knowledge, only two internet-mediated survey-based studies have examined retention rates at more than one time point. Using a pre-post design, Sax et al 29 found a response rate of 17% for web surveys without a response incentive and 19.8% for those with an incentive in a large cohort of freshman across several US-based universities. Interestingly, there was little difference between internet-mediated and mail-based response rates (22%). As for predictors of response, these included female gender, non-hedonistic behavior (eg, abstinence from drinking and/or smoking), increased socioeconomic status and SAT scores, and personality characteristics (eg, English/fine-arts majors, leadership qualities, and social activists). Furthermore, Khosropour and Sullivan 30 employed a 3-month pre-post design in an online study of sexual behavior among men who have sex with men. These authors found a 22% response rate and predictors of response included Caucasian ethnicity, financial incentive, and an active email account. While these studies shed some light on the topic, inconsistent results, data capture at only two time points, convenient sampling of undergraduate students and disparate populations limit the generalizability of these findings. Taken together, further research surrounding non-response error, with a particular emphasis on identifying unique factors associated with non-response to web-based surveys over time, is necessary as the utility of IMR continues to grow.
OBJECTIVES
The primary goal of the present study is to evaluate nonresponse rates to follow-up (ie, surveys launched after the registration and consent process) web-based surveys using a cohort of parents rearing at least one child with an autism spectrum disorder (ASD) engaged in a voluntary, longitudinal online research study. The second objective is to investigate what child and parent demographic factors are associated with survey non-response. The third aim is to explore survey exposure (ie, time until survey response since original launch or solicitation) and time since registration with the online research protocol as factors that may influence response rates. Fourth and finally, an important question to longitudinal IMR research will be examined. That is, to what effect does engagement, or lack thereof, in the online protocol at baseline (ie, never filled out any surveys at initial registration) have on future response rates?
MATERIALS AND METHODS Setting
Data were collected from a US-based online research database, the Interactive Autism Network (IAN). This unique research mechanism is designed to foster collaboration between the autism community and investigators while assisting with overcoming traditional barriers to research. IAN, launched in April 2007, is now the largest online autism research effort. A total of 19 497 youths, aged 1.9e19 years (mean 9 years, SD 3.94), were included in the present study.
Designed as a longitudinal protocol, IAN engages families over the lifespan through two primary mechanisms: IAN Community and IAN Research. IAN Community (http://www. IANcommunity.org) is a website where the public learns and discusses autism and autism-related research. More specifically, the website provides articles by leaders in the field, discussion forums focused on recent research and the research process, and preliminary findings from IAN Research so that participants can see the value of their contributions.
While IAN Community engages the community in the research enterprise through an informational website and ongoing discussion, IAN Research gathers information from families. The resulting data are both used by the IAN Research team and shared throughout the research community after de-identification procedures take place for Health Insurance Portability and Accountability Act of 1996 (HIPAA) compliance. In addition, the data are used to help match IAN Research participants with studies for which they qualify. To date, IAN has provided subject recruitment assistance for nearly 300 autism research projects.
IAN Research, which is located at http://www.IANresearch. org, currently collects four types of data: registration, baseline, IAN longitudinal treatment protocol, and survey. All individuals who have been diagnosed with an ASD along with certain family members are qualified to participate. For probands (ie, the affected child) and siblings who are under 18 years of age, a parent or legal guardian registers and consents his/her dependents and himself/herself. Based on that registration data, the IMR system assigns appropriate baseline surveys and a longitudinal protocol pertaining to proband, siblings, and parents. Surveys are administered as needed and research participation is ongoing. In addition, participants receive notifications to participate in third-party studies until they ask to withdraw from the IAN study. Note that there is also a protocol for adult probands, which was not used in the current analysis.
Measures

Primary outcome
The primary outcome variable for this study was survey nonresponse, with response being defined as partial or total completion of the survey instance. Given 95% of those who started the survey also completed it, non-response represents parents who did not open or start the survey instance.
Baseline surveys
After a family completes the registration and consent process, the IMR system assigns baseline surveys and initial longitudinal surveys for the child with ASD, parents or guardians, and unaffected siblings. The baseline surveys consist of questionnaires developed by IAN researchers and collaborators as well as standardized instruments. Surveys developed by IAN researchers and collaborators include the Sibling without ASD, Child with ASD, Mother Basic Medical History, Father Basic Medical History, and IAN longitudinal treatment protocol. The standardized instruments include the Social communication questionnaire 31 and the Social Responsiveness Scale. 32 
Outcome surveys
In addition to the baseline and longitudinal surveys, IAN Research periodically administers one-time surveys to fill strategic gaps in ASD knowledge. The Access to Healthcare Survey, Vaccination History, and Weight and Height Survey served this purpose and functioned as outcomes for this study. The Access to Healthcare Survey, which assessed access to healthcare services, was administered to the parent for the affected child. The Vaccination History Survey contained questions assessing the parent's vaccination beliefs, attitudes, and practices and was administered to the parent for the affected and unaffected children. The Weight and Height Survey gathered basic child height and weight parameters and was administered to the parent for the affected child and the unaffected siblings. Of note, each survey was open for different lengths of time (Access to Healthcare Survey, 154 days; Vaccination History Survey, 418 days; Weight and Height Survey, 32 days).
Demographic characteristics
Demographic items used in the current analysis were taken from the sibling without ASD, child with ASD registration, and initial registration surveys. These included gender, race/ethnicity, ASD diagnosis, number of affected and non-affected children, mother's education, family structure, child and parental age, and urbanicity. A mutually exclusive race variable using the following two categories was created: white, and non-white (ie, African American, Hispanic, multiple, and other). Similarly, for mother's highest level of education, the following three categories were created: up to high school graduate or equivalent, some college experience, and graduate-level education. Finally, a qualitative variable was created to reflect urbanicity using the 2006 National Center for Health Statistics ruraleurban community area codes. The National Center for Health Statistics developed a six-level classification scheme based on the 2000 Census that ranged from the most urban category, consisting of large metropolitan central counties, to rural, non-metropolitan counties. 33 
Data collection and analysis
All survey data entered by parents were collected and maintained using the IMR components of clinical research management system (MDLogix, Baltimore, Maryland, USA). Electronic consent and assent were obtained from all participants using methods approved by the Johns Hopkins Medicine Institutional Review Board. Stata V.11.0 was used to perform the data analysis on data extracted on 21 January 2011.
For the statistical analysis, bivariate analyses, using paired t and McNemar's tests, for continuous and categorical data, were used first to examine differences between responders and non-responders. These tests, as well as the regression methodology that accounted for clustering of observations (see below for details), were chosen because the assumption of independence does not hold for the present study. That is, a participant could be represented in one (eg, non-response to all surveys) or both (eg, response to one survey and nonresponse to other surveys) outcome groups because more than one survey instance may have been solicited of the participant. Once significant (p<0.05) comparisons from the bivariate analyses were identified, subsequent analyses using a multivariate binary logistic regression model, which adjusted for repeated observations of each child (ie, clustering) using Stata's clustered sandwich estimator, 34 was employed to develop odds ratio (OR). OR were used to examine the likelihood of an event (such as survey response) occurring in one group compared with the odds of it occurring in another (eg, graduate vs high school parental education). Backwards elimination was used to develop the final model with only those variables significant at p<0.05 remaining. For the third objective, a KaplaneMeier procedure was used to estimate the proportion of parents who responded to a particular survey across time since exposure to the survey. We graphed the trend of response, as opposed to non-response, because this trend is more intuitive and easier to interpret. In this analysis, a participant was considered to be a censored observation if they had not responded to the survey by the time it closed.
There were very few missing data in the present study. In fact, fewer than 5% of cases were missing on any variable included in the analysis. Values for children whose parents either did not know or refused to answer a question were coded as missing. Two variables that were missing substantial data (>33%) were father's education level and age. Due to this high proportion, these variables were omitted and mother 's information was used in the analysis.
RESULTS Demographics
From three different surveys, 31 216 survey instances were examined, of which 8772 or 28.1% were respondents. 
Predictors of non-response to follow-up online survey instances
The multivariate model identified many factors associated with survey non-response. These included increasing child age, decreasing maternal age, more than one affected child with ASD, single parent households, lower maternal education, non-white families, increasing urbanicity, increasing duration since initial registration with IAN, and whether the participant filled out at least one baseline survey at registration (all p<0.05). Table 3 displays the specific test statistics from the model.
Time to response for Access to Healthcare, Vaccination History, and Weight and Height Surveys
A KaplaneMeier procedure was used to estimate the proportion of participants that responded to the survey since original solicitation or launch of questionnaire. Figure 1 shows there is a different effect of exposure or time to response by survey. For instance, more than 90% of participants who responded to the Weight and Height Survey had done so by 30 days. While, at 30 days, approximately one-third had responded to the Access to Healthcare Survey and approximately half had responded to the Vaccination History Survey. Finally, this graph shows the disparity in response rates, as well as the time to response, between the surveys.
Effect of time since registration in IAN on rate of non-response for baseline survey respondents and non-respondents Eighteen per cent of participants did not respond to any surveys at baseline. The total non-response rate to follow-up surveys for these individuals was 98%. This is much higher when compared with the follow-up non-response rate of 66% for participants who responded to at least one baseline survey. Given this disparity, it is no surprise this variable was the strongest predictor in the multivariate model (see table 3 ). Figure 2 shows the effect of time since registration to IAN on the non-response rate between these two populations. For individuals who responded to at least one baseline survey, there is an increasing monotonic relationship between time enrolled in IAN and non-response rate, although this changes over time. That is, the non-response rate dramatically increases in the first year of enrollment and decreases thereafter. For individuals who did not respond at baseline, non-response was extremely high and continued to stay that way throughout the course of their online experience. In the multivariate model, time since registration was the second strongest predictor of non-response (see table 3 ).
DISCUSSION
The present study examined non-response to web-based surveys in families of a child with an ASD engaged in an online, longitudinal research protocol. Consistent with the longitudinal IMR literature, overall non-response rates were somewhat high; warranting further exploration into the factors associated with this barrier to generalizable epidemiological research. Results from the multivariate analyses identified a number of demographic characteristics associated with non-response. The strongest predictors included single households, older children and younger mothers. Other significant, albeit much weaker, variables included increasing urbanicity, non-white families, rearing more than one child with an ASD, and lower maternal education, while child gender and the number of non-affected children were not significant in the model. Further research is needed to examine other, more in-depth child (eg, comorbidity, disease severity) and family (eg, parental stress, family quality of life, community support), factors that predict IMR engagement.
Although many demographic variables were identified as statistical predictors of non-response, the variable that contributed more variance, or understanding about non-response, than all other factors was baseline survey response behavior. Engagement at enrollment is important as IAN aims to retain families for a variety of reasons, one of which is to collect longitudinal data. Even after controlling for demographics and time enrolled in the study, those who did not complete one survey at baseline were 28 times more likely not to respond, compared with those who do respond, to follow-up surveys. These data suggest that this pattern of non-response should be considered before launching a longitudinal IMR study, and specific attempts, perhaps through targeted interventions soon after enrollment, should be made to engage this population.
The second strongest determinant of survey non-response was time enrolled in the study. Results from the multivariate model show that the likelihood of non-response doubles for each year increase in study enrollment; even after adjusting for baseline non-responders and demographics. Figure 2 descriptively illustrates this finding by the steadily increasing percentage of nonresponse with the longer a family or parent was enrolled in IAN. Another depiction of the effect of time enrolled in IAN on both response rate and time to response can be seen in figure 1 . That is, the Weight and Height Survey, which was launched earlier in the protocol, has the highest and quickest response rate compared with the other two surveys that were solicited to those enrolled in the protocol longer (see table 1 for details about time of exposure to survey and time since registration with IAN). Another important illustration in figure 1 is the effect of IMR intervention. This is shown through the vertical increases in the KaplaneMeier curves for the Weight and Height and Access to Healthcare Surveys, but not the Vaccination History Survey. These increases are a product of email reminders sent to non-responders for the former two surveys, but not the latter. Taken together, these data suggest time since enrollment is a very important predictor of survey response, and further investigation into the effect of novel interventions and informatics tools (eg, REDCap) on response rates is greatly needed.
It is important to note the strengths and limitations of the present study. Specific strengths include the addition of novel predictors, longitudinal design, large sample size, and minimal, if any, response or information bias, because all participants in IAN were included in the study. The major limitation is the generalizability of findings. This is due to the unique design of the project, which has a significant community component that may increase participation in follow-up studies. Another concern is the lack of validity of the child's ASD diagnosis. Because two studies have demonstrated strong correlations between the parent-reported diagnoses in IAN and clinic-based ASD diagnoses, this is of minimal alarm. 
CONCLUSION
This study represents an important step toward an empirical understanding of non-response in longitudinal, survey-based IMR. In sum, we found demographic characteristics, time since registration, and participation at baseline all play very important and unique roles in online survey response rates. It is our hope that these results will spawn further investigation into this topic with an eye toward developing novel interventions aimed at assuaging this hazard, which diminishes the quality and interpretability of all research, regardless of design.
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